This paper attempts to improve the identification accuracy of traffic flow states, and disclose the impacts of different evaluation indices on the identification results. To this end, a multi-index fusion clustering strategy is proposed in this research. Firstly, flow, velocity and occupancy were selected as the evaluation indices. Then, the weights of the three indices were initialized by a group of experts. After that, the objective function of a weight optimization model was set up to maximize the distance between projection centers of samples under different traffic flow states and to minimize the projection variance between samples under the same traffic flow state. The model was solved by the method of Lagrange multipliers, producing the optimal weight combination. Then, the optimal weights were introduced to the fuzzy c-means (FCM) clustering, forming the multi-index fusion clustering method. The results of example analysis show that our method differentiated between traffic flow states more accurately than the original FCM clustering. And the traffic flow identification accuracy improved from 94.0% to 96.6%. This is because the improved method retains most of the original features of the evaluation indices, which further facilitates the accurate clustering of traffic flow states.
I. INTRODUCTION
The identification of traffic flow states helps to rationalize traffic control, alleviate traffic pressure and improve the operation efficiency of road network. The early research on traffic state mainly attempts to capture the operation features of different traffic states. Judging by the information sources, the existing methods for identification of traffic flow states fall into two categories: (1) those based on GPS or cellular signaling [1] , [2] , This kind of method mainly uses the road traffic parameters obtained by travel information to realize the identification and prediction of different road traffic state [3] , [4] . Because the data required by such methods involve travel security and privacy information, which is difficult to obtain, such studies are relatively rare; (2) those based on road monitoring. The methods in the second category are relatively popular, because it is easy to acquire traffic data through road monitoring. During road monitoring, basic evaluation indices of traffic flow state can be measured by loop detectors or microwave detectors, including flow, velocity, occupancy and density [5] - [7] . In recent years, the The associate editor coordinating the review of this manuscript and approving it for publication was Dalin Zhang. identification of traffic flow states has been extensively explored based on the basic evaluation indices, laying the technical basis for effective identification. For example, Herman and Prigogine [8] divided the traffic flow states into congested traffic and free flow. Most of the other division methods for traffic flow states are developed by subdividing the two states. Hall et al. [9] discussed the interrelationship between traffic flow state variables like flow, velocity and density, and differentiated between the states of various traffic flows. Kerner [10] proposed the three-phase traffic theory, and qualitatively defined three phases of traffic flow, namely, free flow, synchronized flow and wide moving jam. Later, Kerner and Rehborn [11] further explored the complex features of congested traffic, and further divided the congested traffic by the flow-density relationship.
Owing to the fuzziness between traffic flow states, fuzzy mathematical methods and data-driven intelligent algorithms have also been applied to identify traffic flow states. For example, Stutz and Runkler [12] effectively identified and classified traffic flow states by fuzzy theory. Yang and Qiao [13] adopted the pattern recognition of neural network (NN) to categorize the traffic flow states on expressway into seven groups. To sum up, it can be found that most of the existing studies have used pattern recognition algorithm [14] , statistical analysis algorithm [15] and artificial intelligence algorithm [16] to identify road traffic flow status with the traffic parameters such as flow rate, speed, occupancy rate and capacity acquired by road sensors.
Further research generally suggests that different evaluation indices have varied impacts on traffic flow state [11] , [17] , [18] . Chen [19] held that the traffic flow state can be judged directly under high velocity, low velocity or high occupancy, and should be evaluated comprehensively based on evaluation indices like flow, velocity and occupancy. Jang and Guan [20] identified traffic flow states with k-means clustering, revealing that density is the key index for traffic flow state identification [21] - [23] . Some scholars identified traffic flow states by weighted fuzzy c-means (FCM) clustering, and noticed that the evaluation results varied with the index weights. However, there is no report that quantifies the weights of the evaluation indices and uses them to measure the impacts of each index on traffic flow state identification.
To sum up, the existing studies on the identification of traffic flow states mainly divide different states based on one or more evaluation indices, such as flow, velocity, occupancy and density. Compared with single-index identification, the multi-index identification methods can fully utilize the information on traffic flow states contained in different evaluation indices. Nonetheless, there is no report that considers the functional difference between the evaluation indices in the identification of traffic flow states.
To solve the problem, this paper puts forward a multi-index fusion clustering strategy for traffic flow state identification. Three evaluation indices, namely, flow, velocity and occupancy, were weighted and fused into an optimal combination. Firstly, the evaluation indices were weighted by experts, and the weight interval was determined for each index. Next, a weight optimization model was set up by the principle of optimal classification, and the optimal weights were derived by the method of Lagrange multipliers. Finally, the FCM clustering based on optimal weights was adopted to identify the traffic flow states. The effectiveness of our strategy was proved through example analysis.
The remainder of this paper is organized as follows: Section 2 introduces the multi-index fusion clustering strategy for traffic flow state identification, including index weighting and the FCM clustering based on optimal weights. Section 3 verifies the proposed method with examples, and discussed the results in details; Section 4 puts forward the main conclusions.
II. METHODOLOGY
It can be seen from the results of literature review that the current research achievements on traffic flow status identification are mostly aimed at using one or more evaluation indexes such as flow rate, speed, occupancy rate and density to effectively classify different traffic flow status. Based on the relationship among traffic flow, speed and occupancy, this research establishes the objective function of weight optimization. The optimal weight combination is obtained by Lagrange multiplier method. The main principle is that the distance between the centers of the sample projection in different states is the largest, and the variance between the sample projections in the same state is the smallest. Finally, the optimized evaluation index weight is introduced into the fuzzy c-means clustering algorithm to realize traffic flow state identification based on multi-parameter fusion clustering. The specific research process is shown in figure 1. 
A. INDEX WEIGHTING 1) WEIGHT INTERVALS
When experts assign weights to indicators, relatively objective scoring standards are necessary. The weights assigned by experts must be objective and rational. Therefore, the weights of evaluation indices were divided into ten intervals according to the fuzzy classification theory [24] . The result of interval division indicates that the index weight is divided into 10 intervals from 0 to 1, and the weight of each interval is 0.1. In order to facilitate the calculation and generation of interval limits, each interval is represented by a triangular fuzzy number, as shown in Table 1 .
2) EXPERT RELIABILITY
To reduce the impacts of expert background on weighting preferences, the expert reliability index ω was introduced to enhance the reliability of the initial weights given by VOLUME 7, 2019 the experts. This index can be computed by:
where, q i is the background level of expert i ( Table 2) ; α i is the degree of impacts of each background element (professional title: 0.5; work experience: 0.4; education: 0.1). 
3) LIMITS OF WEIGHT INTERVALS
In general, the weights assigned by experts obey Gaussian distribution. The greater the difference between the weights of an evaluation index, the less likely for them to fall into the same weight interval. The probability p i that the weight assigned by an expert to an evaluation index falls into weight interval i can be expressed as:
where, ω is the reliability index of the expert; i, j and k are weight intervals; c k , c j , c k−i and c 11+k−I are the median of each weight interval (Table 1) . That is to say, when an expert gives the membership interval of indicator weight, the membership probability of the indicator within this interval is expressed by the expert reliability index ω. At the same time, according to formula (2), the membership probability of this index belonging to other intervals can be obtained. Then, the membership function of each index weight can be obtained by weighted average of the initial weight information of several experts. The membership degree of each weight of an evaluation index to a weight interval can be obtained by the weighted average of the initial weights given to the index by multiple experts:
Then, the mean and standard deviation of the weight distribution of each evaluation index can be obtained respectively by:
Finally, the upper limit a and lower limit b of the weight interval for each evaluation index can be derived by the three-sigma rule:
where, P i is the probability that a weight of an index belongs to the weight interval i; j and n are the number of experts; c i is the median of weight interval i; m and σ are the mean and standard deviation of the weight distribution of each evaluation index, respectively.
4) WEIGHT OPTIMIZATION
The weights of three evaluation indices, namely, flow, velocity and occupancy, were optimized, forming the optimal weight combination that can effectively identity traffic flow states.
1} be a set of road monitoring data, and X i , µ i and D i be the set, mean vector and variance matrix of type i samples, respectively. Suppose the data are projected to a straight line y = wx. Then, the projection centers of the two types of samples are w T µ 0 and w T µ 1 , respectively, and the projection variances of the two types of samples are w T D 0 w and w T D 1 w, respectively. According to the principle of optimal classification, the projection variance (w T D 0 w + w T D 1 w) of the same type of samples should be minimized, and the distance between projection centers of different types of samples ( w T µ 0 − w T µ 1 2 2 ) should be maximized. Taking the initial weight intervals as the constraints, the evaluation index weights of traffic flow states can be optimized by:
where, J (w) is the objective function of the weight optimization model; w i is the weight of evaluation index i; i = (1, 2, . . . , m) is the number of evaluation indices; a i and b i are the upper and lower limits of the interval of weight w i . Obviously, both the numerator and denominator of the model are quadratic terms about weight vector w. This means the solution of the objective function is independent of the length of w, and only related to the direction of w. Without loss of generality, it is assumed that w T (D 0 + D 1 )w = 1, and the model was solved by the method of Lagrange multipliers. The optimal weight vector can be obtained by setting up a Lagrange function, taking the derivative of w and making the reciprocal zero.
B. FCM CLUSTERING BASED ON THE OPTIMAL WEIGHTS
The optimized weights of evaluation indices were introduced to improve the traditional FCM clustering, such that the traffic flow states could be clustered more rationally, using the evaluation indices. The key to the improvement is to replace the traditional Euclidean distance with the Euclidean distance based on the optimal weights. The objective function of the improve FCM clustering can be expressed as:
where, U is the membership matrix of each data point and the corresponding cluster center; v c is fuzzy cluster center i; u ij (u ij ∈ [0, 1]) is the membership degree of data point j to cluster center i;d
(ω) ij is the weighted Euclidean distance between fuzzy cluster center i and data point j; m ∈ [1, ∞) is a weighted index, which is positively correlated with the fuzziness of the clustering and satisfies c i=1 µ ij m = 1, ∀j = 1, · · · , n.
In the conventional fuzzy c-means clustering algorithm, the weight of indexes in different dimensions is usually equally divided, and the difference of different indexes in traffic state clustering is not considered. The weight optimization model above is used to optimize the weight of different evaluation indexes, which not only ensures the effectiveness of traffic state classification, but also takes into account the different effect of different evaluation indexes in state clustering. The improved FCM clustering is implemented in the following steps:
Step 1. Initialization. Determine the number of classes c by formula (9), i.e. select the c value that makes L the largest. Set the fuzzy coefficient m to 2. Configure the threshold to terminate iteration ε. Define the maximum number of iterations b max . Initialize the membership matrix with random numbers.
Step 2. Computing fuzzy cluster centers. Set up the vector matrix of fuzzy clusters V by formula (10):
Step 3. Parameter optimization. Compute and update the fuzzy membership matrix U (b+1) by formula (11) :
Step 4. Iterative solution. Select a suitable matrix norm to compare U (b) and U (b+1) . If U (b+1) − U (b) ≤ ε, terminate the iteration, otherwise, make b = b + 1, return to Step 2, and execute Steps 2 ∼ 4 iteratively until reaching the maximum number of iterations b max .
III. EXAMPLE VERIFICATION
This section uses actual traffic flow data to verify the effectiveness of our multi-index fusion clustering strategy for traffic flow state identification, which considers the optimal weights of evaluation indices. In the light of the workflow of our strategy, the example verification was carried out in the following steps: Firstly, the intervals of the initial weights were computed and taken as the constraints of the weight optimization model. Next, the optimal weights of the evaluation indices were determined by the method of Lagrange multipliers. Finally, the FCM clustering based on optimal weights was applied to identify the traffic flow states.
A. DATA EXTRACTION
Considering data availability, the traffic flow data released by the Freeway Performance Measurement System, California were selected as the data source. The sample data were collected at 2min periods from the lanes in multiple sections of Interstate 5 in January 2017. There are three indices of traffic flow states in the data: flow, velocity and occupancy. Each lane has 22,320 sets of data. The main purpose of this paper is to identify traffic flow state effectively through cluster analysis. In order to facilitate cluster analysis, this paper firstly carried out data cleaning such as data elimination and data complement, aiming at the defects existing in the original data. Then, dimensionless processing is carried out for each traffic flow state index data, so as to calculate the optimal weight and cluster analysis through the model. 
B. CALCULATION OF INITIAL WEIGHT INTERVALS
Based on the abovementioned calculation method for the limits of weight intervals, four experts on expressway traffic flow states were invited to give initial weights to the three evaluation indices. Then, the limits of weight intervals were computed by formulas (1)∼(6) and used to constrain the weight optimization model. The computation results are listed in Table 3 below.
C. CALCULATION OF OPTIMAL WEIGHTS
Under the constraint of initial weight intervals, a weight optimization model was established according to Subsection 2.1 (4) . Substituting the sample data into the objective function of the weight optimization model, i.e. formula (7) , the optimal weights of flow, velocity and occupancy were obtained as w = (0.12,0.16,0.72).
The optimization results show that occupancy weighed much heavier than velocity and flow. This phenomenon can be explained as follows: The objective function of the weight optimization model was constructed by the principle of optimal classification. In the sample traffic flow data, occupancy is the only evaluation index with no overlap between weight intervals under traffic flow states. Therefore, occupancy can distinguish between different traffic flow states more clearly than velocity and flow.
D. CLUSTERING OF TRAFFIC FLOW STATES
According to the three-phase traffic theory, the traffic flow states can be divided into three types: free flow, synchronized flow and wide moving jam. Then, the improved FCM clustering was applied to cluster the sample traffic flow data, creating the cluster centers of the three traffic flow states ( Table 5) .
For comparison, the original FCM clustering was adopted to cluster the traffic flow states of the same sample data. The cluster centers and identification results are respectively displayed in Table 4 and Figure 2 . Through the comparison between the clustering results of the two methods, it is learned that the FCM clustering without weight optimization output fuzzy results and had overlapping data under different traffic flow states. On the contrary, the improved FCM clustering clearly delineated the boundaries between different traffic flow states and greatly reduced data overlaps. The results show that the improved FCM clustering can solve the overlaps between sample data. Next, the results of the improved FCM clustering were evaluated to judge its effectiveness in identifying traffic flow states. As shown in Table 6 , the improved FCM clustering elevated the recognition accuracy of traffic flow states by 2.6% from the level of the original FCM clustering. Thus, the improved method can effectively improve the identification effect of traffic flow states.
In the improved FCM clustering, the weights of flow, velocity and occupancy are initialized by experts and optimized based on the interrelationship between the three indices. Therefore, the improved FCM clustering can not only characterize the features of different traffic flow states, but also retain most of the original features of the evaluation indices. This further facilitates the accurate clustering of traffic flow states.
IV. CONCLUSION
The identification of traffic flow states is the key to the prediction and control of traffic flows. This paper develops a multi-index fusion clustering method to achieve accurate identification of traffic flow states.
Firstly, the weights of evaluation indices were initialized by a group of experts. Under the initial weights, the weight optimization model was set up by the principle of optimal classification. The model was solved by the method of Lagrange multipliers, producing the optimal weights to differentiate between different traffic flow states. Then, the optimal weights were introduced to the FCM clustering, forming the multi-index fusion clustering method.
The results of example analysis show that the FCM clustering coupling optimal weights can effectively identify traffic flow states, giving overall consideration of the information in multiple evaluation indices. This approach overcomes the one-sidedness of single-index identification and takes account of the difference of multiple evaluation indices in the identification process. It should be pointed out that the method in this paper introduces the optimized traffic condition evaluation index weight into the calculation process of Euclidean distance in the clustering process, which is an improvement on the conventional fuzzy c-means clustering method. Compared with the conventional fuzzy c-means clustering method, this method can improve the traffic identification accuracy to some extent. However, compared with other machine learning algorithms, its accuracy improvement effect is not particularly obvious. Therefore, more effective algorithms should be considered to further improve the accuracy of the algorithm. 
